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Seasonal performanceThe development of microbial source tracking methods has resulted in an array of genetic faecal markers for
assessing human health risks posed from surface water pollution. However, their use as performance metrics
at wastewater treatment plants (WWTPs) has not been explored extensively. Here we compared three
Bacteroides (HF183, HumM2, AllBac) and two E. coli (H8, RodA) genetic markers for summer and winter perfor-
mance monitoring at twelve small rural (b250 PE) and three largerWWTPs in NE England. Small WWTPs are of
interest because they are poorly understood and their impact on surface water quality may be underestimated.
Overall, genetic marker data showed significant differences in treatment performance at smaller versus larger
WWTPs. For example, effluent abundances of HF183 and HumM2 were significantly higher in smaller systems
(p=0.003 forHumM2; p=0.02 for HF183). Geneticmarkers also showed significant differences in performance
between seasons (p b 0.01, n = 120), with human-specific markers (i.e., HF183, HumM2, H8) being generally
better for summerWWTPmonitoring. In contrast, Bacteroidesmarkersweremuchmore suitable forwintermon-
itoring, possibly because the E. colimarkers are less sensitive to differences in temperature and sunlight condi-
tions. Overall, Bacteroides markers best described WWTP treatment performance across all samples, although
seasonal differences suggest caution is needed when markers are used for performance monitoring. Genetic
markers definitely provide rapid and new information about WWTP performance, but more spatially diverse
studies are needed to refine their use for routine WWTP monitoring.
© 2020 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)., Cassie Building, Newcastle
Graham).
.V. This is an open access article und1. Introduction
Thedesign and regulation ofwastewater treatment plants (WWTPs)
has primarily been for environmental protection. Yet inmany countries,er the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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charges also can pose a health threat; e.g., up to 4% of deaths globally are
attributable to poor sanitation and hygiene (Troeger et al., 2017). As
such, the mandate on WWTPs has widened to include specific health-
related endpoints, including mitigating the spread of infectious disease
carried in faecal matter, demanding greater precision in the detection of
faecal contributions.
Recent advances inmolecularmethods has fuelled interest inmicro-
bial source tracking (MST), which has resulted in the development of a
suite of genetic assays for faecal detection (Harwood et al., 2014). Such
techniques can potentially attribute faecal pollution to specific sources,
allowing public health managers to better identify andmitigate specific
exposure risks to human health. In contrast, traditional measures of
sewage pollution rely on the quantification of culturable organisms;
such as, E. coli or enterococci. Such methods are simple and low cost;
therefore, remain widely used (World Health Organisation, 2017).
However, culture-based approaches do not easily differentiate between
sources of pollution; therefore, they may not accurately reflect specific
human health risks. This is important since current microbiological
water quality standards are based on health risk, which differs depend-
ing on the source of pollution (Seurinck et al., 2005). In contrast, genetic
faecal markers can be more specific (e.g., human versus non-specific
sources), allowing more accurate allocation and relative quantification
of risks from different sources (Brown et al., 2017). As such, they can
help to quantify relative source-specific faecal loads entering a water-
course, guiding wastewater and water quality management decisions.
Furthermore, such markers often correlate with pathogens and viruses
(Harwood et al., 2014; Wu et al., 2020; Ahmed et al., 2019a).
Many studies exist that evaluate the suitability of markers for track-
ing human-derived pollution in environmental waters. In the develop-
ment of MST assays, domestic wastewater commonly is used to test
the sensitivity of different genetic markers. Furthermore, specific
markers have been quantified in different wastewater sources (Mayer
et al., 2016, 2018; Srinivasan et al., 2011; Eramo et al., 2019). However,
such testing has been more to determine global or regional variance of
human reference samples. Such methods have not been used exten-
sively to assess WWTP performance, especially across scales, among
technologies andwithin a strategically designed study. In fact, few stud-
ies have used genetic faecal markers to describe treatment performance
in terms of effluent quality, which almost certainly influences what is
detected in environment samples.
Several studies have quantified bacterial and viral genetic markers
around WWTPs (e.g., Mayer et al., 2015; Brown et al., 2015), but few
have considered using such parameters as direct performance indica-
tors. This may be because risks to human health from exposure to
wastewater discharges are often difficult to define (Huijbers et al.,
2015) or simply because such markers are not regulated. However,
with reducing costs and complexities associated with genetic quantifi-
cation methods, their value and use as WWTP performance indicators
must be considered.
Here, we assessed different genetic faecal markers within the con-
text of monitoring faecal releases from small WWTPs. Small systems
are of interest because their performance, stability, and environmental
impact are generally not well understood. Further, a growing recogni-
tion of the benefits of decentralised treatment over centralised infra-
structure is emerging, based on whole-life economic costs (Roefs
et al., 2017;Wang, 2014). The latter is particularly pertinent in develop-
ing countries where population growth rates far exceed the rate of sew-
age infrastructure investment (Grahamet al., 2019;Maurer et al., 2005).
In such contexts, human exposure to sewage polluted waters is greater
and more overt, especially given increased wastewater reuse with in-
creasing water scarcity. The aim of this study was twofold. First, to as-
sess how using genetic faecal-specific markers might inform exposure
levels and, second, to provide new insights about WWTP performance,
using a more health-related treatment performance indicator. Specifi-
cally, we quantify faecal marker abundances and removal rates inWWTPs across a larger network to determine how different sizes and
technologies influence faecal discharges from an exposure risk and
health perspective.
2. Materials and methods
2.1. Experimental design and sample collection
Influent and final effluent wastewater samples were collected from
15 municipal WWTPs in North-East (NE) England and analysed for
physical and chemical performance parameters as previously described
(Bunce and Graham, 2019). The same samples were used for analysing
the abundance of a range of genetic faecal markers, the results of which
are presented in this paper. Briefly, six categories of small WWTP (de-
fined as 250 or less population equivalent; PE) were identified by ran-
dom stratified sampling from a list of all local treatment plants. Two
plants were chosen for each category, totalling 12 small WWTPs.
WWTP categories consisted of two PE brackets: 50–125 and 125–250,
and four treatment technologies: activated sludge (AS), secondary fil-
tration (trickling filter, SF), rotating biological contactor (RBC), and
high-performance aerated filter (HiPAF). We chose these categories be-
cause of the relative abundance of each WWTP size and technology
across the regional wastewater network. Three larger WWTPs - two
trickling filters and one activated sludge plant - were chosen to provide
a performance reference as a contrast to the smaller WWTPs, totalling
15 treatment plants. Thus, the experimental categories were
50–125_SF, 125–250_SF, 50–125_AS, 125–250_HiPAF, 50–125_RBC,
125–250_RBC, 5000–10000_SF, and 5000–10000_AS.
To assess the physical and chemical characteristics of the wastewa-
ter, analysis of soluble chemical oxygen demand (sCOD), total chemical
oxygen demand (tCOD), ammonium (NH4-N), total suspended solids
(TSS), and nitrogen anions (NO2-N andNO3-N)wasperformed on 60 in-
fluent and 60 effluent samples collected between December 2016 and
October 2017. Detailed results and description of methods are
summarised in Bunce and Graham (2019), alongside full details of ex-
perimental design and sample collection procedures for this study.
The same samples collected for physical and chemical analysis were
used for the molecular analysis presented in this paper: on each sam-
pling day, manual composite samples consisting of grab samples col-
lected at peak and base influent flow were mixed in equal volumes
and used for all analyses. Results presented in this paper are for samples
collected during summer and winter, so that seasonal comparisons can
bemade. Summer was defined as samples collected at the start and end
of the UK meteorological summer (June to August), whereas winter in-
clude samples collected during the UK meteorological winter (Decem-
ber to February).
2.2. Selection of genetic faecal markers
The faecal markers used in this study are shown in Table 1. Human-
associated and non-specific faecal markers targeting E. coli and
Bacteroideswere chosen due to their high reported sensitivity, specific-
ity, and previous use (Ahmed et al., 2016; Harwood et al., 2014; Ahmed
et al., 2015). For human-associated Bacteroides, HF183/BacR287 (Green
et al., 2014) and HumM2 (Shanks et al., 2009) were chosen, and for
human-associated E. coli, H8 (Gomi et al., 2014) was used. AllBac
(Layton et al., 2006) and RodA (Chern et al., 2011) are non-specific
markers and were used to quantify the total number of Bacteroides
and E. colimarker genes, respectively. Bacteroides is of particular interest
because of its high abundance in the human gut (Seurinck et al., 2005)
and HF183 is now often used in MST studies (e.g., Chase et al., 2012;
Wanjugi et al., 2016; Cao et al., 2018). The US EPA developed HumM2
marker was chosen because of its relatively high performance when
compared to other similar markers (Ahmed et al., 2016). In contrast,
the E. coli markers were chosen for comparison because of the long-
standing use of culturable E. coli as a faecal indicator.
Table 1
Genetic faecal markers used in this study. F and R denote forward and reverse sequences,
respectively. Where, “total” includes human-associated plus non-specific.
Marker Target Sequences (5′ to 3′) Source
RodA Total E. coli F: GCAAACCACCTTTGGTCG Chern et al.,
2011R: CTGTGGGTGTGGATTGACAT
H8 Human-associated E.
coli
F: ACAGTCAGCGAGATTCTTC Gomi et al.,
2014R: GAACGTCAGCACCACCAA
AllBac Total Bacteroides F: GAGAGGAAGGTCCCCAG Layton et al.,
2006R: CGCTACTTGGCTGGTTCAG
HF183 Human-associated
Bacteroides
F: ATCATGAGTTCACATGTCCG Green et al.,
2014R: CTTCCTCTCAGAACCCCTATCC
HumM2 Human-associated
Bacteroides
F: CGTCAGGTTTGTTTCGGTA
TTG
Shanks et al.,
2009
R: TCATCACGTAACTTATTTATA
TGCATTAGC
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Wastewater samples were transported to Newcastle University on
frozen cold packs and processed within 3 h of collection. Biomass was
concentrated onto cellulose nitrate membrane filters (0.22 μm Sarto-
rius, Germany) from 20 to 50 mL of influent or 50 to 250 mL of effluent
wastewater. Filters were frozen at−20 °C until bulk extractions were
performed. DNA extractions were carried out using the FastDNA Spin
Kit for Soil (MP Biomedicals Inc., USA) according to the manufacturer's
protocol with one adjustment; cells were lysed for 40 s using a FastPrep
R-24 Rybolyser (MP Biomedicals Inc., USA) at 6 m/s, suggested to im-
prove DNA yield (Albertsen et al., 2015).
Formarker quantification, all wells in 96well plates were loadedwith
a master mix consisting of 5 μL SsoFast Evergreen Supermix (Bio-rad,
USA), 500 nm of primers, 2 μL of DNAase-free water, and 2 μL of template
DNA, providing a total reaction volume of 10 μL. qPCR analyses of each in-
fluent wastewater DNA sample was run at 10−1 and 10−2 dilutions;
whereas, final effluent DNA samples were run at 10−1 and 100 dilutions
using a CFX96 qPCR machine (Bio-Rad, USA) according to the SsoFast
manufacturer's protocol with annealing temperatures set to 60 °C for all
primers, which is consistent with the referenced literature (Table 1).
The dilution that resulted in the lowest, mean quantification cycle value
was used for subsequent analysis. For each qPCR run, triplicate “no tem-
plate” controls, where DNA was replaced with DNAase-free water, were
analysed to assess possible contamination or unexpected amplification.
No template control results were always negative.
Linear sequences (Table 1), amplified from DNA extracted from tar-
get organisms and cleaned using the MinElute PCR purification kit
(Qiagen, Netherlands), were used as quantification standards for the
qPCR. Linear sequences were chosen to avoid overestimation, which
has been previously observed with supercoiled plasmid standards
(Hou et al., 2010). This was important because more than one assay
was used to target the same organisms (e.g., human-associated
Bacteroides). qPCR efficiencies always were between 89% and 107%,
and the calibration curve R2 was at least 0.99 for all runs, which exceeds
theMinimum Information for publication of Quantitative real-time PCR
Experiments guidelines (MIQE; Bustin et al., 2009). Based on experience
and retaining simplicity, the detection limit for each marker was de-
fined as 10 gene copies per reaction, which is consistent with previous
MST studies (Ahmed et al., 2008; McQuaig et al., 2009).
2.4. Statistical analysis
All statistical analysis and data visualizationwere carried out using R
(R Core, 2018) and associated packages. Significance was defined at the
95th percentile (p b 0.05), unless otherwise stated. The effect of WWTP
category (e.g., system size and treatment technology) on final effluent
abundances and removal rates of each faecal marker was tested using
one-way Analysis of Variance (ANOVA). Data were scaled and centredprior to all analyses. Prior to clustering, the distribution of the effluent
abundance of each marker was assessed. A sample was removed
when the abundancewas greater than two times the standard deviation
of the abundance of the same parameter. Thus, two samples were re-
moved from summer clustering analysis and one sample from winter
clustering analysis.
To quantify the suitability of each genetic marker for describing
WWTPperformance, hierarchical andpartitioning clustering algorithms
were combined with principle component analysis. K-medians cluster-
ing was used to identify themarkers that best describe the variance be-
tween effluent qualities observed at different WWTPs. A partitioning
approach was used because it is computationally efficient and because
it describes the distance between the effluent data points and the centre
of respective clusters. K-medians was chosen specifically because they
are less sensitive to outliers than other approaches, such as k-means.
The appropriate number of clusters was chosen by plotting the
“within-group sum of squares” for each partition and identifying points
where plots ‘level’; i.e. when the number of clusters no longer influence
the within-group sum of squares (Hothorn and Everitt, 2014).
Ward clustering was used to test seasonal effects on effluent quality
for all parameters across each experimental category and to test the
similarity of effluent concentrations between experimental categories.
Ward clustering and the generation of heat maps for visualization
were done using the made4 package in R (Culhane et al., 2005). Ward
clustering was chosen due to the expected homogeneity of effluent
qualities (i.e., as marker abundance or chemical parameter concentra-
tion) measured at WWTPs within some experimental categories; such
as, 50–125_SF and 125–250_SF. Ward clustering aims to find compact,
‘spherical’ clusters (Ward, 1963); whereas, other methods
(e.g., complete or single linkage methods) adopt less constrained ap-
proaches (i.e., ‘friends of friends’), likely infer unrealistic similarities.
Clustering analysis was carried out on samples collected during the
summer and winter, which was used to investigate seasonal effects on
genetic marker abundances.
3. Results & discussion
3.1. Quantification of faecal markers in WWTP influent and effluent
The abundance of five genetic faecal markers was quantified in the
influent and final effluent of 15 WWTPs in NE England - 12 smaller
WWTPs with design capacities of between 50 and 250 PE, and three
larger “control” WWTPs with design capacities between 5000 and
10,000 PE. All markers were detected in 100% of summer (n = 60)
and winter (n = 60) wastewater samples. Concentrations of each
marker in influent and final effluent samples from the small WWTPs
are summarised in Fig. 1a, while the largerWWTPs are shown in Fig. 1b.
Median concentrations of the two human-associated Bacteroides
markers in influent samples were statistically similar between small
and larger WWTPs. Median influent concentrations in the small
WWTPs were log10 6.34100 mL−1 (±0.69, standard deviation; SD)
and log10 6.6100mL−1 (±0.47, SD) of HF183 andHumM2, respectively;
whereas, influents to the larger WWTPs were log10 6.23100 mL−1 (±
0.71, SD) and log10 6.64100 mL−1 (±0.45, SD), respectively. However,
significant differences were observed in effluent abundances of HF183
and HumM2 in the small versus larger WWTPs (unpaired t-test; p =
0.003 for HumM2; p = 0.02 for HF183). The median concentration of
total Bacteroides (AllBac) was two to three orders of magnitude higher
than HF183 and HumM2 in the effluents and influents of both the
small and larger WWTPs, which is consistent with previous findings
(Mayer et al., 2015).
To quantify human-associated E. coli, H8 marker abundances were
measured in influent and effluent samples from the small WWTPs,
which were log10 5.42100 mL−1 (±0.68, SD) and log10 3.85100 mL−1
(±0.59, SD), respectively. These are one to two orders of magnitude
lower than human-associated Bacteroidesmarker levels and two orders
Fig. 1. Abundance of the five genetic faecal markers expressed as gene copies per 100 mL
of influent (I) and final effluent (E) samples. Plot (a) is for the small WWTPs (n = 48
influent, n = 48 final effluent), plot (b) is for the larger WWTPs (n = 12 influent, n =
12 final effluent).
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differences in E. coli marker concentrations (i.e., H8 and RodA) also
were seen between effluent concentrations in small versus larger
WWTPs (unpaired t-test, p= 0.001–0.01).
To test the relative effect of WWTP category on faecal marker abun-
dances (e.g., treatment technology type and system size), ANOVA
models were applied to influent, final effluent, and pooled (influent
and final effluent combined) samples. Pooling was possible because of
the homogenous distribution of samples across all markers and sample
types. No significant differencewas observed between the abundance of
any markers when only considering influent or effluent samples across
the small WWTP categories, suggesting “treatment technology” cannot
reliably describe the variance in influent or effluent faecal marker abun-
dances. In other words, factors other than treatment technology type
and PE more drive the influent and effluent faecal marker abundances
within the small systems.
However, when influent and effluent sample data were pooled, a
significant difference in the abundance of all markers, except AllBac,
was seen in small WWTPs compared with the largerWWTPs (unpaired
t-test, p=0.001–0.02). Also, a significant difference in all marker abun-
dances was detected in pooled samples collected in summer versus
winter samples (paired t-test, p= 0.004–0.03). This apparent seasonal
effect is extremely relevant forwater qualitymanagers because it drawsinto question the universal value of some markers for places with pro-
nounced seasonal differences. Summer andwinter samples were segre-
gated for proceeding analysis (Section 3.3 onwards) to further explore
the influence of seasonal factors on faecal markers for describing the
WWTP performance.
3.2. Removal of faecal markers by treatment
Median log removal rates of the human-associated markers ranged
from log10 1.3 for HF183 to log10 1.8 for H8, across all WWTPs. For the
non-specific markers, the median removal rates were log10 1.2 for
AllBac and log10 1.7 for RodA. The difference between the Bacteroides
and E. colimarkers is potentially explained by large variations in tem-
perature and exposure to sunlight, which differ seasonally in the UK.
This speculation was explored by applying clustering algorithms to
the final effluent data collected in summer versus winter months (see
Section 3.3).
A significant correlation existed between removal rates of human-
associated Bacteroidesmarkers (Pearson's rho = 0.6, p= 1.2e−6) with
median log removal rates (i.e., log10 1.3 versus log10 1.4). However,
less convincing and non-significant relationships were observed be-
tween total and human-associated Bacteroides markers (Pearson's
rho = 0.2, p N 0.1). This is consistent with previous observations of
changes in the abundance of human-associated and non-specific faecal
markers targeting Bacteroides, pre- and post-wastewater treatment
(Mayer et al., 2016).
In contrast, the correlation between the removal rates of H8 and
RodA was strong (Pearson's rho = 0.82, p = 3.7e−15). It should be
noted that on four sampling occasions the abundance of faecal markers
in final effluents exceeded influent levels, implying a negative removal
rate. The same trend was seen for chemical parameters in the same
WWTPs (see Table 1). However, one must be mindful of inherent limi-
tations of molecular quantification in that such methods to not distin-
guish between DNA from living and dead cells or free DNA. Thus, such
elevated apparent bacterial abundances, determined using qPCR, may
not always reflect actual human exposures to viable faecal pathogens.
3.3. Hierarchical clustering shows seasonal marker trends
The abundances of all faecal markers in the WWTPs and effluent
chemical concentrations are summarised in Fig. 2, grouped by experi-
mental category (see Section 2.1 for definitions), and separated into
samples from summer and winter months. The dendographs display
Ward clustering and show the human-associated markers tend to clus-
ter together in summer samples, whereas in winter samples they do
not. Likewise, the non-specific markers (i.e., AllBac and RodA) cluster
together in the summer, but they do not cluster in winter samples.
Summer patternsmight be explained, at least in part, by the fact that
the non-specific markers cluster closely to performance measures, par-
ticularly particulate matter, tCOD, and TSS. This may be because of ex-
cessive microbial growth at SF and RBC plants, which leads to greater
sloughing of biofilms thatmight contain proportionally higher numbers
of AllBac and RodA genes. This speculation is supported by the greater
abundance of non-specific markers in summer effluents from
50–125_SF and 125–250_SF WWTPs compared to human-associated
markers. Others have shown that microbial communities found in re-
ceiving waters more closely resemble influent wastewater than sludge
generated by solids separation processes (Quintela-Baluja et al., 2019),
suggesting humanhealth riskmitigation by improvedwastewaterman-
agement should focus more on bacterial removal from the liquid phase.
A similar phenomenon may be observed here, but this speculation still
must be verified bymetagenomic analysis of biofilms, sludge, and liquid
phase wastewater.
The difference in effluent quality between the small and the larger
WWTPs is clear from visual inspection of the heat maps. For example,
the existence of a legal discharge limit for NH4-N at the larger WWTPs
Fig. 2.Heat maps showing the abundance of genetic faecal markers and the concentration
of chemical parameters in the final effluent of the WWTPs, grouped by experimental
category (see Section 4.2.1 for definitions). Data for summer refers to samples collected
in June and August; data for winter refers to samples collected in December and
February. Dendographs show the output of Ward clustering. Inset graphs show
histograms of the scaled datasets where ‘Good’ is a low concentration and ‘Poor’ is a
high concentration, referring to the quality of the final effluent. The reader should note
that the summer and winter datasets were scaled independently; therefore, heatmap
colours should not be compared between summer and winter plots. ‘sCOD’ is soluble
chemical oxygen demand; ‘tCOD’ is the total chemical oxygen demand; ‘TP’ is total
phosphorus; and ‘TSS’ is the total suspended solids.
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alone, however, should not be used to draw conclusions about the domi-
nant factors influencing system performance. For example, none of the
WWTPs are actively controlled to remove faecalmarkers, yet a significant
difference exists between effluent quality andmarker removal ratesmea-
sured at small and largerWWTPs. This is irrespective of season,which can
be explained by close clustering of certain managed parameters
(e.g., tCOD) and the genetic faecal markers. However, this is not observed
in the heatmaps– there is a difference betweenhow theparameters clus-
ter in summer and winter. This leads one to consider, again, the possible
phenomena whereby faecal markers targeting total copy numbers of
Bacteroides and E. coli are closely related to solids removal efficiency;
whereas, human-associated markers are not.
In the winter, as rates of biological activity decline, faecal marker
trends become less clear, with one exception. RodA, targeting total E.
coli, and H8 targeting human-associated E. coli, cluster together and ap-
pear independent of all other parameters.We suggest that thismay be a
result of the effect of temperature on microbial inactivation, of which E.colimay be particularly sensitive (Pachepsky et al., 2014). Alternately, it
could result from the effects of sunlight levels on photolytic cell degra-
dation. The degradation rate of E. coli in surface waters is known to be
sensitive to sunlight levels, although not always as sensitive as other or-
ganisms, such as Bacteroides (Noble et al., 2004). When light is limited,
the decay of Bacteroides is biphasic and generally slow (Green et al.,
2011). Assuming that is what is observed in surface waters can be ex-
tended toWWTPs, this explanation becomes plausiblewhen comparing
seasonal gene copy numbers. No significant differencewas observed be-
tween the final effluent counts of human-associated Bacteroides in the
summer or winter samples (p N 0.1); whereas, the difference is signifi-
cant for H8 (p= 0.04).
Elevated HF183 is noteworthy because it implies that under winter
conditions the abundance of Bacteroides in effluent samples (which
generally are more abundant; see Fig. 1) is proportionally greater than
in summer. In other words, Bacteroides markers accentuate the poor
performance of WWTPs in winter. In contrast, E. colimarkers provide
a less representative view of treatment performance because their
decay may be less affected by levels of sunlight. This is particularly ap-
parent at the smallWWTPs,whose treatment performance and stability
are seasonally as well as generally more inconsistent than larger
WWTPs. This is supported by clear differences in standard deviation of
effluent marker abundances at small and larger WWTPs, but also the
differences in the standard deviation of influent abundances measured
in summer and winter, which may influence treatment performance
(see Supporting Information, Fig. S1).
These data suggest Bacteroides markers can provide additional in-
sight into the potential ecological impact of a wastewater discharge, as
well as the overall treatment performance of aWWTP. This may be par-
ticularly useful for catchmentmanagers who seek to determine the role
and relative influence of different types and sizes of WWTPs on surface
water quality. The use of genetic faecal markers, then, can extend be-
yond their ‘traditional’ use of assessing water quality risks at bathing
waters. To confirm the usefulness of these observations for understand-
ing small WWTPs more generally, unsupervised clustering analyses
were applied to the effluent dataset.
3.4. Vector analysis and partitioning support the use of human-associated
markers as performance indictors
The role of the genetic faecal markers as descriptors of variance in
final effluent quality betweenWWTPs is shown in Fig. 3. In the summer,
the variable loadings attributed to the first principle component (56% of
variance) are dominated by the human-associated markers, which all
have similar loadings. However, under winter conditions, the dominant
loadings against the first principle component (45% of variance) are
provided by the Bacteroides markers and, interestingly, the loading is
approximately equal across the human-associated and the non-
specific markers. This further confirms the potential usefulness of
Bacteroides markers for describing trends in treatment performance
across groups of WWTPs.
While it is clear in Fig. 3 that H8 is also important in the summer
samples, it is the loadings associatedwithBacteroides in thewinter sam-
ples that leads us to suggest the overall usefulness of Bacteroides. Fur-
ther, HF183 and other human-associated Bacteroides markers have
been shown to correlate with several viruses and bacteriophages of
public health concern (Ahmed et al., 2019a, 2019b;Wu et al., 2020). De-
scribing performance trends (including variance) of a treatment plant is
important because it allows amore holistic approach tomanaging treat-
ment systems, including assessing the likelihood of exceedance of regu-
latory limits (Bunce and Graham, 2019).
To explore the use of themarkers for describing the behaviour of indi-
vidual WWTPs, or groups of WWTPs within a larger network, k-medians
clusteringwas applied (see colours in Fig. 3). According to variance, efflu-
ent quality, as described by the faecal markers, cannot be grouped in
equal clusters. This suggests that a large proportion of the WWTPs are
Fig. 3. Analysis of principle components combined with k-medians clustering of final effluent data collected in summer months and winter months. Vectors indicate the direction of the
parameter effect, as derived by principle component analysis. Colours show the k-median clusters. For summer samples, PC1 and PC2 explain 77.7% of variance. For winter samples, PC1
and PC2 explain 73.5 of variance.
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trends are clear. For example, samples collected at slightly larger
WWTPs (125–250 PE) cluster together in summer, but not in the winter
(red coloured points in summer; see Fig. 3 and Table 2). The implication is
that the effluent quality of such plants is similar across all faecal markers
and distinct from the smallest WWTPs (50–125 PE), but only in summer.
In winter, the trend dissolves and the distribution of different sized
WWTP is more even between clusters. This corroborates our previous
suggestion that substantial differences exist between the behaviour of
treatment plants across seasons, and the value of genetic markers to de-
scribe such performance trends.
The function of k-medians clustering is that clusters are identified by
the least variance betweendata points. The variance of each of the faecal
markers across each of the clusters for summer and winter was calcu-
lated to test which marker best describes the clustering. In other
words, which marker best describes the differences in final effluent
quality observed across the different WWTPs by having the lowest
within-cluster variance. In summer, the lowest variance in two of the
three clusters was seen with the human-associated markers. However,
one of the clusters can be best described by the variance of RodA abun-
dance. In winter, variance within each cluster is best described by vari-
ance of the markers targeting Bacteroides.4. Conclusion
This study sought to investigate the use of genetic faecal markers to
improve understanding of differences between the treatment perfor-
mances of small WWTPs. During summer, human-associated markers
appeared to be best for describing WWTP treatment performance,Table 2
Number of samples in each of K-medians cluster, as shown in Fig. 3. Colours (Blue, Green
and Red) denote the cluster. PE is population equivalence.
PE category K-medians cluster
Blue Green Red
Summer Winter Summer Winter Summer Winter
50–125 3 2 4 5 5 4
125–250 1 1 1 5 8 6providing useful additional insights beyond chemical metrics. Inwinter,
Bacteroidesmarkers appear to be better than E. colimarkers, possibly be-
cause of the susceptibility of E. coli signals to change as a function of
temperature and sunlight; although, this speculation must be validated
in directed experiments. Significant differences exist in marker abun-
dances measured at the small WWTPs compared to the larger
WWTPs, and between summer and winter.
It is clear that genetic faecal markers can provide wastewater man-
agers useful insight into the treatment performance and variance of
small WWTPs, especially where there is a particular and/or emerging
need to consider health-risks associated with small discharges. The
Bacteroidesmarkers provide the most representative description of dif-
ferences between different WWTPs and are recommended, especially
human-associated markers. However, seasonal effects on marker fate
suggest faecal markers still should be used with caution because the
best marker appears to differ between seasons, even for the same type
of WWTP, which may impact their usefulness in places with large sea-
sonal variations, such as in the UK.
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2020.139928.
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